Human support is thought to increase adherence to internet-based interventions for common mental health disorders, but can be costly and reduce treatment accessibility. Embodied virtual agents may be used to deliver automated support, but while many solutions have been shown to be feasible, there is still little controlled research that empirically validates their clinical effectiveness in this context. This study uses a controlled and randomized paradigm to investigate whether feedback from an embodied virtual agent can increase adherence. In a three-week ecological momentary assessment smartphone study, 68 participants were asked to report their mood three times a day. An embodied virtual agent could mirror participant-reported mood states when thanking them for their answers. A two-stage randomization into a text and personalized visual feedback group, versus a text-only control group, was applied to control for individual differences (study onset) and feedback history (after two weeks). Results indicate that while personalized visual feedback did not increase adherence, it did manage to keep adherence constant over a three-week period, whereas fluctuations in adherence could be observed in the text-only control group. Although this was a pilot study, and its results should be interpreted with some caution, this paper shows how virtual agent feedback may have a stabilizing effect on adherence, how controlled experiments on the relationship between virtual agent support and clinically relevant measures such as adherence can be conducted, and how results may be analyzed.
Introduction
Internet-based psychotherapeutic interventions, also referred to as eMental Health interventions, can be effective in the treatment of various mental disorders when compared to face-to-face interventions [1] . Many interventions that target common mental health disorders such as mood, anxiety, and substance use disorders, are based on cognitive behavioral therapy (CBT). Internet-based CBT interventions are either guided, or self-guided, with guidance usually being provided by health professionals or trained volunteers. It has been found that guided interventions are generally more clinically effective, e.g. reductions in symptomatology, than unguided interventions [2] . While the precise contribution of human support remains unclear, a number of working mechanisms have been suggested [3] . One such mechanism is that human support contributes to patients' motivation to complete an intervention, which in turn may increase adherence [4] . Indeed, it has been shown that adherence may be superior when human support is available [5] , and that non-optimal exposure or non-adherence to interventions, e.g. not completing exercises or dropping out of interventions early, tends to reduce their clinical effectiveness [6] .
The study described in this article is part of a project in which we are looking to bridge the gap between guided and unguided internet-based CBT interventions by automating support through the use of embodied virtual agents. From a literature review of their application in the treatment of common mental health disorders, we concluded that few studies have explored their use in a supportive role to online CBTbased interventions. Although a number of applications seemed feasible and promising, there is still little evidence for their impact on clinically relevant outcomes such as symptom reduction or adherence [7] . Clinical psychology is an applied science, however, which means that there is a strong emphasis on empirical validation when introducing novel technologies. Although from a technological perspective, lots of interesting solutions have been, and are being developed, they cannot be applied in clinical practice without such validation. The present study represents the first in a series of controlled studies in which we aim to discover how and whether virtual agent support can contribute to eMental Health interventions' clinical effectiveness.
Because a detailed study of clinical outcomes in controlled settings, such as symptom severity, requires clinical study populations (ethical implications) and followup measurements (long timespan), we chose to study adherence as an outcome measure in this pilot study, on the assumption that it is a potential mediator for clinical effectiveness. We opted for Ecological Momentary Assessment (EMA) as an intervention strategy, also referred to as experience sampling, which refers to the repeated sampling of subjects' current behaviors and experiences in real time, in subjects' natural environments [8] . EMA can be a component of internet-based CBT interventions, for example to measure fluctuations in mood [9] . Additionally, it is a clear measure of adherence, as patients either do or do not respond to EMA requests.
In the remainder of this paper we describe our explorative pilot study, in which we test the hypothesis that virtual agent support can increase adherence to EMA requests. With respect to the virtual agent design, we opted for a simple approach that fulfills the ECA criteria (the agent has an embodiment, communicates with the user, and uses a form of reasoning to simulate agency [10] ) in a minimalistic manner. Although frameworks exist for the development of ECAs with their full range of verbal and nonverbal capabilities (e.g. [11, 12] ), using them for the development of virtual agents, and their subsequent integration with existing EMA platforms, was considered too timeconsuming for this study. Moreover, agents do not necessarily need to be very complicated for motivational purposes, because it has been shown that even the mere presence of an embodied agent can improve user motivation, for example when shown next to a chat dialog box in which instructions and feedback for an interactive game are displayed [13] . A more detailed description of the experiment and the agent's design is provided in the Methods section.
Methods

Design
We conducted an explorative controlled pilot study with a two-stage randomized between-subject design. Participants self-monitored their mood on a smartphone EMA application in which a virtual character could give personalized visual feedback to user responses by mirroring their reported mood state. Approval for the study was obtained from the Research Ethics Committee of the Faculty of Movement and Behavioural Sciences of the Vrije Universiteit Amsterdam (reference number: VCWE-2016-014).
Before study onset, participants were randomly allocated to either a text + personalized visual feedback or a text-only feedback condition, to control for individual differences in initial motivation and other potentially relevant background variables. A known issue with prolonged interaction with virtual agents is that it may become repetitive, leading to a decline in motivation and willingness to interact with a system [14] . Because our agent's design is fairly simplistic we wanted to control for this effect, and therefore, two weeks into the study, participants were randomized again to control for feedback history. Because no changes to the application could be made while the study was ongoing, randomization for the entire study took place before study onset. Participants were assigned to one of four possible groups, each with a different combination of text + personalized visual feedback (F) or text-only feedback (N) during weeks 1-2 and week 3.
Procedure
Before the study started, participants received an email with an invitation to fill out a digital informed consent form and demographic questionnaire. After giving their consent, participants installed the Android-only EMA application on their mobile devices. The application automatically stopped sending EMA requests once the study was over, after which it could be removed from the participants' smartphones.
Participants
As part of a research project for a bachelor's degree, students were asked to recruit at least 10 adults from their social network. Inclusion criteria for participation were (1) age 18 years or older, (2) owning an Android smartphone (minimal Android 2.3), and (3) no known severe mental health problems. Participants did not receive financial compensation, and were told that their participation would benefit the education of the student who had approached them.
Materials
Ecological Momentary Assessment of Mood. To collect self-monitored mood data, we built an Android smartphone application using the movisensXS EMA framework [15] . The app prompted participants to rate their mood on their smartphone at three set time points each day (11:00, 15:00, and 20:00). Mood was assessed through the circumplex model of affect [16] , which conceptualizes affective states as two-dimensional constructs comprising different levels of valence and arousal. Previous studies measured valence and arousal through 5-point scales [17] . We decided to tap both dimensions on a 3-point scale scored from −1 to 1 (negative to positive; low to high) ( Fig. 1 ), as this allowed a direct mapping to the visual feedback presented in the next section ( Fig. 2) .
Personalized Visual Feedback With a Virtual Agent. After responding, participants received a message on a third screen, thanking them for their answers. In the personalized visual feedback condition, an embodied virtual agent accompanied this message. It consisted of the female version of the Pick-A-Mood (PAM) model [18] that matched the reported mood. For example, a participant reporting positive valence (+1), and high arousal (+1), was deduced to be in an excited mood ( Fig. 2 ). Our visual feedback can be considered a simple form of empathy, where the system deduces and reflects users' moods based on their response to the EMA requests. With this feedback, we hoped to operationalize two concepts of Dialogue Support from Persuasive System Design [19] , the inclusion of which has been found to increase adherence [20] : social role ("if a system adopts a social role, users will more likely use it for persuasive purposes") by accompanying the thank you message with the face of a virtual character, and similarity ("people are more readily persuaded through systems that remind them of themselves in some meaningful way") by having the character mirror the participant-reported mood.
Measures
Adherence. Adherence was represented as a vector of binary values indicating either a response (=1) or no response (=0) to EMA requests on subsequent trials.
Feedback. Feedback was represented as a vector of binary values indicating either text + personalized visual feedback (=1), or text-only feedback (=0), accompanying the 'thank you for your answers' message. . Note that the model had to be tilted slightly clockwise to allow for the interpretation.
Time. All trials received a sequentially ordered 'time stamp' ranging from the first to the last trial (Range = 1-63). Trials that were missing due to technical issues were added to the dataset, but with NA values for adherence, such that all 63 trials were accounted for.
Statistical Analysis
In our model, we assumed effects of time (people naturally lose interest in EMA after a while [21] ), feedback, and individual differences (some people may be more adherent to start with). To analyze the relationship between time and feedback as independent variables, and adherence as dependent variable, we used the glmer function from the lme4 statistical package [22] in the R-environment (version 3.3.2) [23] . For our main hypothesis, we conducted a logistic mixed effects analysis, with a 'feedback (1/0) x time (1-63)' interaction as fixed effect, and adherence (1/0) as the dependent variable. To investigate complex patterns over time, contrasts for the time variable were set to polynomials up to the tenth power. We accounted for individual differences at onset by adding random intercepts for the different participant IDs to our model. The regression model looked as follows in R-syntax:
3 Results
Participant Flow
A total of 85 participants were recruited and randomized to one of the four groups, with 17 dropping out entirely or failing to install the software on time. From the 68 participants who had started, another 7 dropped out, and 7 were excluded from the analysis as they had experienced technical issues that resulted in either too few EMA requests (e.g. 0 to 2 per day on many different days), or too many (e.g. 4 per day) having been logged in the movisensXS data export files. Our final dataset included 54 participants (see Fig. 3 ). 
Descriptive Statistics
Participants. 49 participants, 24 males and 25 females with mean age of 29.31 (Range = 20-64) filled out the demographic questionnaire, while 5 participants failed to do so.
Adherence. The 54 participants in the final dataset responded to EMA requests in 2004 out of a total of 3080 trials (M = 37.1 responses, and M = 57.0 trials per participant), resulting in an overall adherence of 65.1%. Note that the total number of trials does not add up to 63 on average (3 measurements per day for 21 days), as some requests were missed, either on the first day (e.g. when a participant started with the 20:00 measurement), or due to technical issues that prevented trials from taking place.
Feedback. The personalized visual feedback group received 1497 (48.6%) requests, and responded to 971 (64.9%). The text-only group received 1583 (51.3%) requests, and responded to 1033 (65.3%). The valence question was answered slightly more positively in the text-only condition, but no large differences existed between the two groups. With respect to the visual feedback provided, excited (n = 317 (32.7%)) and neutral (n = 241, (24.8%)) were most prominent.
Time. A total of 322 trials were unaccounted for due to technical issues, 183 of which would have contained personalized visual feedback. For our analysis, these trials were added to our dataset with missing values for adherence, giving us a total of 3402 trials. With the ten polynomial contrasts for the time variable our model was able to run, while visual inspection showed that no more than ten polynomials were to be expected.
The Effect of Feedback
Mixed Effects Logistic Analysis. Summary results of the mixed effects logistic analysis, based on all 3402 trials, are depicted in Table 1 below. Significant effects were found for feedback (p = .03), as well as the feedback * time interaction for the 3 rd (p = .01), 7 th (p = .01), and 9 th (p < .01) order.
Feedback * Time Interaction. Because of the significant interaction effects, the main effect of feedback cannot be interpreted as such. To further disentangle the model, the analysis was conducted again for both the feedback and no feedback condition, consequently leaving the feedback variable out of the equation. The results of these analyses with regard to the previously significant interaction effects are depicted in Table 2 below. Whereas no significant effects of time were found for the feedback condition, the significant 3 rd (p = .04), 7 th (p = .02), and 9 th (p < .01) order effects of time remained in the text-only feedback condition. A Chi-square test of the entire model further confirmed the significant feedback * time interaction effect (X 2 (62) = 84.99, p = .03). To visualize this, Fig. 4 illustrates fluctuations in the no feedback condition (top left), which can be disseminated into separate polynomials of the 3 rd (two bends; top right), 7 th (6 bends; bottom left), and 9 th (8 bends; bottom right) power. Meanwhile, the feedback condition is stable across all trials. 0.69 0.50 1.38 .17 Text-only feedback time 3 1.05 0.52 2.01 .04* time 7 1.13 0.49 2.31 .02* time 9 −1.77 0.50 −3.55 .00** *p < .05 **p < .01 Fig. 4 . Visualizations of the overall model (top left), and the three significant polynomial effects, using a smoothed conditional means function 4 Discussion
Principal Results
Our visual feedback did not manage to increase EMA adherence, but rather kept it stable over time. A cautious interpretation of the results is that personalized visual feedback helped to maintain adherence to EMA in a more predictive manner than when text-only feedback was provided. Notably, as is visualized in Fig. 4 , there was no positive or negative linear trend for either condition. This is a surprising result given the assumption that adherence would decrease over time.
Implications
From a practical point of view, our results are interesting in the sense that from a researcher perspective, a constant flow of information, as provided by participants in the personalized visual feedback condition, may be preferable to the fluctuations observed in the text-only group. Mood, for example, changes relatively slowly over the course of more than one day. From a theoretical point of view, the results are harder to interpret, since the text-only group was at times more, and at times less adherent than the visual feedback group. Since contextual factors (e.g. having time for EMA responses) were controlled for by our randomization, the difference, i.e., fluctuation versus stabilization, can most likely be explained by an effect on participants' motivation. This would require further investigation; a possible future research paradigm to investigate the effect may include a qualitative component, e.g. by asking participants for their reasons to respond or not respond to EMA requests. It could also be interesting to look more closely at the moods that were reported per day as, for example, participants may be less inclined to answer requests when they are having a bad day compared to a good one. Although personalized visual feedback seemed to have a stabilizing effect on adherence, it failed to increase it. It could be that personalized visual feedback does not matter that much, but it is also possible that the type of visual feedback we presented is not very effective, or cancelled out any positive effects. With regard to mood mirroring, for example, reflecting negative moods may actually amplify them [24] , and thereby decrease user motivation. This was also argued following a study where a virtual agent mirrored users' emotional states to motivate them to play a game [25] , in which no significant effects on user motivation were found. Within the context of eMental Health interventions related to mood and our current paradigm, one interesting option for future research could be to investigate the effect of mirroring moods that have a negative valence with their equivalents on the positive side of the valence dimension. For example, a reported irritated mood (valence = −1, arousal = 1) would be mirrored by an excited mood (valence = 1, arousal = 1), which could alleviate the potential drawbacks of reflecting negative mood states.
Limitations
The virtual agent was a very simplistic one, which had to do with the technological limitations of the platform that we used to conduct the study. For example, the input for the 'reasoning engine' (Fig. 2) of the embodied virtual agent was limited to the two questions that were answered in the current trial, and the EMA framework offered no options for more advanced animations. Although the agent was hardly impressive from a technological perspective, it did allow us to conduct research on its relationship to EMA adherence, within the limited degrees of freedom for agent design offered by a typical eMental Health framework. Additionally, we did so in a well-controlled paradigm: intervention with agent vs. intervention without agent.
It could also be questioned whether our specific feedback is the optimal one in this setting. We chose this feedback as it operationalized elements from Persuasive System Design theory (social role and similarity) known to be beneficial to adherence, and for pragmatic reasons related to the technological limitations of the EMA framework. Although it can be argued that similarity often refers more to user characteristics such as age or gender, we considered mood reflection relevant in our case since the task at hand was mood reporting. Some types of feedback that could be equally, if not more, relevant include reminders before EMA requests, targeting feedback only at participants who have been non-adherent for a period of time, or feedback that is specifically designed to uplift participants who report a negative mood.
A last limitation refers to the generalizability of our results. First and foremost, our study was conducted with a convenience sample, whose primary motivation for participation was likely to help out the students by whom they were recruited. Known mental health issues being an exclusion criterion, our study population was most likely quite different from the clinical populations that would typically use eMental Health interventions, and that may instead be motivated by a desire to improve their current situation. Additionally, there is still some debate as to whether EMA can be considered an intervention in itself [26] , which means generalizations to our broader context should be made with caution. These limitations are a natural consequence of the exploratory nature of our pilot study, but the methods we used could be applied equally well to contexts with real interventions and patients.
Conclusion
The study described in this paper was the first in a series of experiments which we hope will contribute to the empirical validation of the clinical effectiveness of embodied virtual agents in an eMental Health context. We aimed to find out whether feedback, operationalized by an embodied virtual agent, could increase adherence to mood rating requests in a three-week smartphone-based EMA study. While we did not find a significant main effect of feedback on adherence, there was a significant feedback * time interaction effect, which became apparent in fluctuations in adherence for the text-only condition, compared to a very consistent pattern in the personalized visual feedback group. To our knowledge, this paper represents one of the first explorative studies that used an embodied virtual agent, in a rigorous randomized and controlled design, to study a clinically relevant outcome measure over a prolonged period of time. Given the explorative nature and the relatively small sample size of this study, the stabilizing effect the virtual agent had on adherence has to be interpreted with some caution. Future studies may include a more sophisticated virtual agent, different feedback, a clinical study population, and a context more resembling CBT interventions.
